We use unique administrative German data to examine the role of childhood health for the intergenerational transmission of human capital. Specifically, we examine the extent to which a comprehensive list of health conditionsdiagnosed by government physicians -can account for developmental gaps between the children of college educated parents and those of less educated parents. In total, health conditions explain 18% of the gap in cognitive ability and 65% of that in language ability, based on estimations with sibling fixed effects. Thus, policies aimed at reducing disparities in child achievement should also focus on improving the health of disadvantaged children.
Introduction
Human capital in adulthood is to a large extent already determined during childhood. Measures of child development, such as cognitive and verbal ability, predict measures of human capital in adulthood, such as earnings and employment (Currie 2000 , Currie and Thomas 1999 , Dustmann et al. 2003 , as well as commission of crime and partaking in other risky activities (Cunha and Heckman 2007, Heckman et al. 2006) . However, child development is also strongly related to a child's socioeconomic background (Aughinbaugh and Gittleman 2003 , Blau 1999 , Carneiro et al. 2007 , Taylor et al. 2004 ). This implies that many children from disadvantaged families fall behind early in life and find catching up later very difficult. Policies that aim to advance the skills and abilities of such children require detailed knowledge about pathways for the formation and intergenerational transmission of human capital (Currie 2008 and Heckman 2007) .
In our study, we examine the role of childhood health as a pathway for this process. Ill health in childhood can adversely affect development in several ways (see surveys by Currie 2008 and Behrman 1996) , which can be exacerbated by poor socioeconomic background: Pain, stress, and fatigue can reduce the ability to concentrate and to learn. Illness can crowd out other activities that might be beneficial to child development. Also, illness can change relationships between children, parents, and others in ways that might hurt cognitive and verbal development. Finally, some health conditions such as attention-deficit hyperactivity disorder or deafness, for example, can also have a direct, negative impact on cognitive or verbal ability, respectively. Previous studies such as Currie (2005 Currie ( , 2008 and Heckman (2007) emphasize that child health might be an important pathway for explaining disparities in child development between different socioeconomic groups. However, to the best of our knowledge, our study is the first to provide a comprehensive quantification of the extent to which gaps in child development between socioeconomic groups can be explained by differences in child health. Child health could indeed explain these developmental gaps if (1) child health conditions negatively impact child development, and (2) either the prevalence of negative child health conditions differs between socioeconomic groups or the magnitude of the effect of health conditions on child development differs between socioeconomic groups. In our study, we use unique administrative data for one German city to estimate the causal effect of a comprehensive list of child health conditions on young children's cognitive and verbal ability. We also use decomposition methods to estimate the extent to which gaps in cognitive and verbal ability by parental education groups can be attributed to child health. We estimate both the share of the achievement gap attributable to differences in the prevalence of health conditions, as well as the share of the achievement gap attributable to differences in the magnitude of the effect of health conditions on child development.
Previous studies find a robust positive gradient between parents' socioeconomic status and child health for the United States (Case et al. 2002) , but also for countries with universal health insurance coverage such as Canada (Currie and Stabile 2003) and the United Kingdom (Currie et al. 2007 ). The existing literature also provides some evidence for a negative correlation between a number of child health conditions and child outcomes. For example, Paxson and Schady (2007) find that health measures such as height for age and weight for age are positively related to language development in a study based on Ecuadorian data. Kaestner and Corman (1995) find that low birth weight, stunted growth, and severe diseases are correlated with lower reading and math abilities. However, a negative correlation between child health and child development does not prove a causal impact of child health on child development. Such a correlation could also be due to unobserved family characteristics and environmental factors, which could simultaneously influence both child health and child development. In order to account for such unobserved characteristics, Currie and Stabile (2006) use sibling fixed effects to examine the effect of child mental health conditions on child development. Ding et al. (2007) use genetic markers as instrumental variables in order to examine the effect of ADHD, depression, and obesity on older youths' school achievements.
Our study contributes to the existing literature on child health and child development in several ways. First, our data on child health are based on detailed examinations administered by government pediatricians during elementary school entrance medical exams. The information obtained in these exams is far more reliable than that based on survey questions administered to children's parents. Survey information is used in almost all previous studies, but it is well known that parents are not always fully informed about their children's health status and that the degree of knowledge about their children's health is strongly related to parent's socioeconomic status (see the survey by Currie 2000) .
Second, the fact that these exams are compulsory for all children in Germany at the age of six years gives the data an extraordinary degree of representativeness.
Third, we examine a wider range of health conditions than those typically available in previous studies. We look at the effects of health conditions such as obesity, underweight, low birth weight, ear and eye conditions, mental health conditions, asthma, and allergies; this allows us to capture the inherently multidimensional nature of health in our estimations. Fourth, we use sibling fixed effects models to address omitted variables bias. Sibling fixed effects models allow controlling for unobserved family characteristics that might influence both child health and cognitive and verbal development. Finally, and most importantly, our study goes beyond estimating the causal effect of child health conditions on child development by also quantifying the extent to which the achievement gap between parental education groups can be attributed to child health.
We find that that child health conditions have a substantially negative impact on child development. Moreover, child health conditions are more common among children of less educated parents, and their effect on developmental outcomes is more severe among children of less educated parents.
In total, estimations with sibling fixed effects find that health factors account for 18.4% of the gap in cognitive ability between children of college educated parents and less educated parents, and for 64.8% of that in language ability. 10.8% of the cognitive ability gap and 12% of the language ability gap can be attributed to differences in the prevalence of health conditions, while 7.6% of the cognitive ability gap and 52.8% of the language ability gap are due to differences in the severity of the impact. Thus, both, differences in the prevalence as well as differences in the severity of the impact of health conditions contribute to the observed development gap. Our findings provide evidence that even in a country with almost universal health insurance coverage and a very generous system of child health prevention, health is still an important channel for the intergenerational transmission of human capital. Consequently, there could be much value in strengthening childhood programs that guarantee ongoing medical support through family based services or regular supervision, i.e. programs which strengthen home inputs that are complementary to professional medical treatment.
Our study continues as follows. Section 2 describes the data. Section 3 discusses the empirical strategy. Section 4 presents our estimation results, and section 5 concludes.
Data
Estimation sample. Our analysis is based on administrative data, which we obtained from the department of health services of the city of Osnabrueck, Germany. Osnabrueck is the third largest city in the German state of Lower Saxony, with a population of about 170,000. The data were collected during official school entrance medical examinations, which are compulsory for all children at the age of 6 years, in the months before they enroll in elementary school. At the time of the examination, children in our sample had not previously attended elementary school. The examinations take between 50 and 70 minutes.
The children are randomly assigned to one of three government pediatricians, who administer the examination. School entrance medical examinations in
Osnabrueck have been increasingly standardized since the year 2000 (for details, see Rohling 2002) , and the scope of the recorded data increased considerably beginning in 2002. From 2002 on, the data involve various medical and developmental tests, and information from each child's medical history which is contained in the child's mandatory "vaccination record" (Impfpass) and in the child's mandatory "health record" (Kinder-Untersuchungsheft). They also include information from two questionnaires on sociodemographic information and on the children's preschool experiences. One questionnaire was sent to parents before the examination, and parents answered the other questionnaire in a separate room while the child was being examined. Information based on these questionnaires
was not available to the pediatrician during the exam.
Our data includes all regular 4,977 school entrance medical examinations, which took place in Osnabrueck in the years 2002 to 2005.
1 For 14.7% (N = 732) of the sample, self-reported information on parents' educational background was missing. Since parental education is used to stratify our sample by socioeconomic status, we exclude all 732 observations with incomplete information on parental education, meaning that the remaining estimation sample consists of 4,245
observations. 2 For 4.9% (N = 206) of the remaining sample, information on birth weight was missing, for 3% (N = 129) information on the mother's age was missing, for 2.1% (N = 87) information on preschool attendance was missing, and for 0.9% (N = 40) information on parents' employment (full-time employed, part-time employed, or unemployed) was missing. For the imputation of the missing information on birth weight, preschool attendance and parents' employment in the remaining sample, we employed a Markov chain Monte Carlo multiple imputation algorithm (Little and Rubin 2002, pp. 200-223) , in which we condition on a maximum set of relevant information. The algorithm converges in less than 1,000 iteration steps, such that running the algorithm with different from the first scale, 4 from the second scale, and 6 from the third scale. The overall CPM score is the sum of the results of the 14 items, i.e. 0 is the lowest possible score, and 14 is the highest possible score. The imputation algorithm, the imputed versions of the dataset, and the corresponding estimation results are obtainable from the authors upon request. Note further that in addition to the procedure described above, which excludes observations with missing information on parents' educational background from the estimation sample, we also used an alternative procedure, where we also imputed the variables indicating parental education based on a Markov chain Monte Carlo algorithm. This allows us to use the full sample of 4,977 observations for the estimation. The results are similar to those reported in this paper and all conclusions of the paper are fully supported. Results are also similar for an analysis based on a sample with 3,811 observations. This sample involves no imputed data points, i.e. it is obtained after deleting all observations which had a missing value on at least one of the variables.
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The mean score for the full sample is 10.86 with a standard deviation of 2.17 (see Table 1 ). The mean score for children of college educated parents is more than a third of a standard deviation higher than the mean score for children of less educated parents (11.37 versus 10.60), and this difference is highly significant. At 10.85, the mean score for the sibling sample is almost the same as for the full sample. However, differences between children of college educated parents and less educated parents are slightly, but insignificantly, larger for the sibling sample (11.56 versus 10.49). The correlation in the CPM scores between siblings is 0.31. Figure 1 illustrates the cumulative frequency distribution of CPM scores for the full sample. Across the entire distribution, the CPM score tends to be higher for children of college educated parents compared to children of less educated parents. Furthermore, we observe that almost all children answered at least some questions correctly. 10.1% of the children with college educated parents and 5.8% of the children with less educated parents answered all 14 questions correctly.
Our measure of verbal ability is a binary variable based on the pediatricians' assessment, whether a child's verbal ability corresponds to age level. The pediatricians' assessment of verbal ability is derived from a number of tests. Children are asked to describe what they see on a series of pictures, repeat actual and imaginary words and sentences, and talk freely about their favorite games and activities. The pediatrician assesses the accuracy of pronunciation and grammar as well as overall verbal ability. Verbal ability is judged to be at age level for 82.0% of children in the full sample. For children with college educated parents this share is 88.4%, as compared to 78.7% for children of less educated parents. The difference in these shares is statistically highly significant. In the sibling sample, verbal ability is slightly but insignificantly lower for all three groups (see Table 1 ). Before the child's examination, parents are asked to fill out a form, which includes questions on whether the child is hyperactive or has difficulties concentrating. During the child's examination, parents are asked to go to a separate room and to answer the Strengths and Difficulties Questionnaire (SDQ). The SDQ is a standardized 25-item questionnaire designed for children from age four to eleven, and it asks questions about the child's emotional problems, prosocial and anti-social behavior, hyperactivity, and other behavioral problems (Goodman et al. 1998 , Goodman 2001 . Parents are reassured that their answers will not influence the physicians' school enrollment recommendation. The third and most important source of information comes from the pediatrician's observations during the 50 to 70 minutes of interaction with the child during the examination. Based on those three pieces of information, the pediatrician gives an overall assessment on whether a child has faces a mental health condition. The pediatrician's assessment is likely to be more objective than parents' answers, since parents might have very different standards in judging their child's behaviors. We create a binary variable for mental health conditions according to the pediatrician's assessment.
Information on asthma and allergies is based on answers provided by parents in a questionnaire, on conversations with parents, and on the observation of children, as well as on stethoscopic examinations during the exam. We create a binary variable for children who suffer from asthma. Information on allergies is collected in the same way as for asthma. The definition of allergies includes allergic rhinitis and eczema.
Health conditions are quite common among young children in our sample (see Table 1 ). 14.8% of the children in the full sample are overweight and 4.7% are underweight. 5.7% were born with low birth weight. 11.0% are affected by ear problems and 19.3% by eye problems. 18.2% have face a mental condition. 6.4% of the children have asthma, and 3.5% suffer from allergies. Many health conditions are more common among children of less educated parents than among children of college educated parents. This relationship holds and is statistically significant for being overweight (17.7% vs. 9.1%), low birth weight (6.3% vs. 4.5%), mental conditions (20.7% vs. 13.2%), and for asthma (6.8% vs.
5.4%). For eye conditions (19.6% vs. 18.6%) and allergies (3.6% vs. 3.3%), prevalence is also higher for children of less educated parents, but the difference is not statistically significant. For underweight and ear conditions, prevalence is slightly but insignificantly lower for children with less educated parents. In the sibling sample, the prevalence of most health conditions is similar to the full sample. However, children in the sibling sample are less likely to be overweight (11.9% versus 14.8%) and much more likely to be low birth weight children (10.0% versus 5.7%). The high share of low birth weight children in the sibling sample can largely be explained by the twins in this sample, who tend to have considerably lower birth weight.
The incidence of health conditions tends to be positively correlated between siblings. Health conditions with the strongest positive correlations between siblings are low birth weight (0.48), overweight (0.26), asthma (0.15), and mental health conditions (0.16). These are also conditions with some of the largest differences in prevalence by parental education. The incidence of different health conditions also tends to be positively correlated for the same child, but correlation coefficients are quite low. We find the highest positive correlation coefficients for asthma and allergies (0.12), and for underweight and low birth weight (0.12). 
Empirical Strategy
Our aim is to estimate the causal effects of child health conditions on child development. Outcome variables (y i ) are the CPM score and the binary variable for verbal ability of child i. Explanatory variables include a vector of child health characteristics (H i ) and a vector of socioeconomic and demographic characteristics (X i ). We estimate both OLS models and sibling fixed effects models, in all cases with robust standard errors that are clustered at the family level. The estimation equation for the OLS model is:
(1) β edu and γ edu are vectors of estimation coefficients. α edu is the intercept and ε i is a child-specific error term. Subscript edu refers to one of three estimation samples for which we estimate our models separately. The estimation samples are defined by parental education groups and consist either of children with college educated parents, or of children with less than college educated parents, or of the pooled sample of all children. β edu measures the association between health conditions and development outcomes. This coefficient could differ between parental education groups, if for example children in one group receive better medical treatment, comply more with doctor's guidelines, or are in some other way better able to compensate the negative consequences of health conditions. In our analysis, we further control for a detailed list of socioeconomic and demographic characteristics of children and their families (see Table 1 ). However, there could still be unobserved family-specific characteristics, such as for example parenting style, which directly impact both health conditions and child development. Therefore, we also estimate sibling fixed effects models. These models control for unobserved family specific characteristics by examining the effect of differences between siblings' health on differences in siblings' cognitive or verbal development. The estimation equation for the fixed effects model is:
(2) Z i represents a vector of socioeconomic and demographic characteristics such as age, gender, preschool attendance, and birth order. The variables contained in Z i are a subset of the variables in X i , since Z i excludes characteristics that are constant between siblings, such as parents' ethnic origin. Vector α f represents the effect of unobserved family-specific influences for each family f. β edu measures the causal effect of child health conditions on child development.
However, there are three sources of potential bias in the fixed effects specification which we discuss below. First, a bias could arise if siblings face systematic differences in available resources or parental treatment that affect both their health and development. Siblings in our data are close in age, implying the family's socioeconomic situation they experienced during childhood was similar. In our analysis, we also control for gender and birth order, two factors which could explain differential treatment. Furthermore, there is evidence that parents tend to treat children equally, for example with respect to dividing their wealth equally among children (Behrman and Rosenzweig 2004a) . Existing evidence for Germany, based on the observation of transfer payments to children,
shows that differential treatment of children is rare in Germany, and if it occurs, parents tend to spend more resources on disadvantaged children (e.g., Kuenemund et al 2005) . Such compensating behavior could bias our estimates downward.
In this case, the strict exogeneity assumption could be violated, which is a necessary condition for estimating the causal effects β edu consistently: E(u i -H i , This procedure is also a test for reverse causality, a second source of potential bias. However, given that our estimations focus only on chronic health conditions and only include young children who have never been to school, it is very unlikely that low cognitive or verbal achievement causes chronic health conditions. At the age of the children in our study, needs for medical or psychological treatments are diagnosed and initiated by the parents rather than the children, and parents play the key role in the supervision of those treatments.
Similarly, it is unlikely that poor child health reduces parental education, considering that the average age of mothers in our sample is above 36 years. In fact, this argument is supported by estimations including only children of mothers who were older than 25 years at child birth.
The third potential source of bias arises from measurement errors in explanatory variables. Sibling fixed effects estimation can exacerbate the measurement error problem by increasing noise due to potentially strong correlations between siblings and reducing exogenous variation. Specifically, Griliches (1979) and Bound and Solon (1999) show that measurement errors can result in substantial downward bias of coefficients in models with sibling fixed effects. However, in our study biases arising from this source seem much less of a problem than in existing studies for the following two reasons. First, there is substantial variation in health conditions between siblings, and second, our measures for health conditions are derived from administrative data, which were collected by experienced physicians in highly standardized procedures. There is much less scope for measurement error in our health variables than in previous studies on child health, which use data based on survey questions, and particularly less than in the studies discussed by Griliches (1979) and Bound and Solon (1999) , which estimate the returns to education on wages.
Having estimated both OLS and fixed effects specifications separately for all three samples, we proceed by examining how much of the child achievement gap can be attributed to differences in the prevalence and severity of the impact of negative health conditions. For this purpose we use decomposition analysis, similar to Oaxaca (1973) . We first calculate the part of the difference which can be attributed to differences in the prevalence of health conditions. For this calculation, we keep the magnitude of the effect of health conditions on child development as well as all non-health factors constant between education groups. We also calculate the extent to which the achievement gap by parental education can be attributed to differences in the magnitude of the effect of health conditions on child development, i.e. we calculate the severity effect. The Table 2 shows estimation results for CPM scores, which measure cognitive ability. Panel A of Table 2 presents results for an OLS model for the full estimation sample, including children with and without siblings. The results for the pooled sample, which includes both parental education groups, indicate a strong negative relationship between most health conditions and cognitive ability (see column 1). CPM scores for overweight children are on average 0.32 points lower than for the comparison group, i.e. children with normal body mass index.
In contrast, underweight children do not differ significantly in cognitive ability from children with normal BMI. Low birth weight is strongly linked with lower cognitive ability. Children with a birth weight of less than 2500 grams score on average 0.78 points less on the CPM scale, this is more than a third of a standard deviation. Eye conditions have a negative impact on cognitive ability. Eye conditions can reduce the ability to recognize pictures, symbols, and patterns. Among the health conditions examined in this study, mental health conditions have the strongest negative impact on cognitive ability. CPM scores for children with a mental health condition are reduced by 1.07 points, which is equivalent to about half of a standard deviation. Mental health conditions such as attention deficit hyperactivity disorder reduce children's ability to concentrate and focus on one task. Cognitive ability is also significantly reduced for children with asthma. Asthma is the leading cause of children's trips to the emergency room and hospitalization (Currie 2005) . If not treated adequately, asthma can severely limit children's activity. However, if controlled well, asthma attacks can be prevented, and asthma should have little or no direct effect on cognitive development (Currie 2005) . Finally, we find that children with allergies do not differ significantly in their cognitive ability from those without allergies. Overall, our estimation results for the relationship between health conditions and cognitive ability are in line with results from existing studies. 6 Column 2 of Panel A shows estimation results for a subsample of children with at least one college educated parents. Compared to the pooled sample, estimation coefficients tend to be less negative, and coefficients are significant for three health conditions only: low birth weight, eye conditions, and mental health conditions. The coefficient for low birth weight is even more negative than in column 1. One explanation for this finding is a higher prevalence of children with very low birth weight in the sample with college educated parents, possibly because those children are more likely to survive. The coefficient for eye conditions is of similar size compared to the full sample, implying that the relationship between poor eyesight and cognitive ability does not vary by parental education group. Likewise, the coefficient for mental health conditions is of similar size compared to the pooled sample. This result is in line with Currie and Stabile (2006) , who also find that the negative impact of mental health conditions on cognitive ability is not ameliorated by higher parental education; this could reflect the still limited effectiveness of treatment options for child mental health conditions. Compared to the pooled sample, there is no significantly negative effect for overweight and asthma in the subsample of 6 Previous studies also find a negative relationship between childhood health conditions and child cognitive abilities for obesity (Ding et al. 2007 ), low birth weight (for example Behrman and Rosenzweig 2004b) , asthma (Halterman et al. 2001) , and also a particularly strong relationship between child development and mental health conditions (Currie and Stabile 2006) . Paxson and Schady (2007) also find no significant relationship between low BMI and cognitive ability of Ecuadorian children. A number of studies from different scientific fields discuss the effects of specific health conditions on child development. Currie (2008) provides an excellent overview of the current state of the literature. children with college educated parents. These findings indicate that children of college educated parents can somehow compensate for the negative consequences of overweight and asthma.
Column 3 of Panel A shows results for the sample with less educated parents. The relationship between health conditions and cognitive ability scores is stronger compared to the pooled sample and to the sample with college educated parents, and estimation coefficients are more negative. We find a significantly negative association with cognitive ability for the following health conditions: overweight, low birth weight, ear conditions, mental health conditions, and asthma. Among these conditions, coefficients are more negative than for the sample with college educated parents for all health conditions except for eye conditions and allergies. In order to test whether differences in estimation coefficients between the two samples of children with college educated parents and children with less educated parents are statistically significant, we further estimate a model where all health conditions are fully interacted with parental education level and we test for the statistical significance of the interaction terms. The difference in coefficients is statistically significant only for asthma (p = 0.006).
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Panel B of Table 2 shows OLS results for the sample of children with at least one sibling in our estimation sample. The estimation specification is identical to Panel A, but the sample size is reduced from 4,245 observations to 947 observations for the pooled sample. Due to the smaller sample size, coefficients are now measured less precisely and many estimates are no longer statistically significant, even though point estimates are similar. For the pooled sample shown in column 1, only the coefficients for low birth weight and for mental health conditions are statistically significant. For the sample with college educated parents (column 2), mental health conditions and low birth weight are associated with significantly lower cognitive ability scores. For the sample of children with less than college educated parents (column 3), there is a significantly negative relationship between cognitive ability and overweight, low birth weight, and mental health conditions. The difference between coefficients in column 2 and column 3 is significant only for overweight (p=0.081).
Panel C shows fixed effects estimation results which control for unobserved family characteristics by comparing cognitive ability scores for siblings with and without health conditions. The sample is identical to the sample in Panel B. Results for the pooled sample are shown in column 1. Among health conditions, we find negative coefficients for low birth weight, underweight, mental conditions, and for asthma, but only mental health conditions have a significantly negative impact on cognitive ability. The effects of mental health conditions on cognitive ability are highly significant for both the sample with college educated parents (column 2) and for the sample with less than college educated parents (column 3). Finally, in line with the pattern observed in the OLS estimation, we find that asthma has a large negative effect on cognitive ability for children of less educated parents, but the coefficient is insignificant and close to zero for the sample with college educated parents.
The fixed effects estimators rely on the strict exogeneity assumption that the child specific error term is not related to observed characteristics. In order to test for the validity of this assumption we employ the test statistic described in section 3, and find no evidence that the strict exogeneity assumption might be violated or that reverse causality might play a role (p-value = 0.686).
Regression results for verbal ability
Our estimation results for the effect of health conditions on verbal ability are shown in Table 3 . We estimate linear probability models with a binary indicator as dependent variable which takes on the value one if a child's verbal ability is at age level, and zero otherwise. Again, panel A shows results based on the full sample, which includes both children with siblings and children without siblings in our sample. Column 1 shows estimation results for the pooled sample, i.e. both children with college educated parents and children with less educated parents. Among the health conditions examined in our study, only low birth weight and asthma have a significant effect on verbal ability. Low birth weight reduces the probability of at age level verbal ability by 5.6%. Children with asthma have an 8.6% lower probability that their verbal ability is at age level.
All other health conditions have no significant effect on verbal ability. For children with college educated parents, none of the health conditions has a significant effect on verbal ability (column 2). The coefficient for asthma is much smaller than in the pooled sample. For children of less than college educated parents, only asthma has a significantly negative effect on verbal ability, and the magnitude of this effect is higher than in the pooled sample (column 3).
Panel B shows estimation results for the subsample of children with at least one sibling in our dataset. Otherwise, the specification is exactly as in Panel A. Verbal ability is reduced by low birth weight and mental health conditions (column 1). For children with high parental education, only allergies have a significantly negative impact on verbal ability (column 2). For children with less educated parents, the coefficient for mental health conditions is of similar size compared to the pooled sample, but not statistically significant (column 3).
Panel C shows estimation results for the fixed effects specification, which examines the effect of health disparities between siblings on differences in verbal ability. There are significant effects for mental health conditions for the pooled sample in column 1. While no health condition is significantly related to language ability for the sample with college educated parents, mental health conditions have a significantly negative effect on cognitive ability for the sample with less than college educated parents (column 3).
As for the investigation of cognitive ability, we test for the validity of the strict exogeneity assumption of the child specific component of the error term with the test described in section 3. The strict exogeneity assumption is not violated (p-value = 0.540).
Decomposition analysis
The results discussed above suggest that health conditions can have a negative effect on child development. But to what extent can the observed achievement gap be attributed to child health? Decomposition analysis reveals what share of this gap can be explained by child health conditions. Table 4 shows the results for the decomposition analysis for cognitive ability (Panel A) and for verbal ability (Panel B). The third row of this table shows that the total difference in mean CPM scores between parental education groups is 0.771 points for the full sample and 1.057 points for the sibling sample, about half a standard deviation of the CPM score.
The prevalence effect defines the share of the cognitive ability gap that differences in the prevalence of health conditions can explain. It accounts for 0.129 points of the gap in the OLS analysis for the full sample, 0.201 points of the gap in the OLS analysis for the sibling sample and 0.114 points in the fixed effects analysis. As a share of the total difference, these numbers amount to 16.7%, 19.0%, and 10.8%, respectively. We calculate standard errors for the prevalence effect based on 200 bootstrap replications, and we find that the prevalence effect is significantly different from zero for all three specifications.
The severity effect explains which share of the cognitive ability gap can be accounted for by differences in the magnitude of the effect of health conditions on cognitive ability. It accounts for an additional 12.2% of the achievement gap for the OLS analysis based on the full sample, 15.8% for the OLS analysis based on the sibling sample, and 7.6% for the fixed effects analysis. These effects are slightly lower in magnitude than the prevalence effects. They are measured less precisely and are not statistically significant. The total effect of child health conditions on cognitive ability is calculated as the sum of the prevalence and the severity effects. In total, child health conditions account for 28.9% of the cognitive ability gap for the OLS analysis based on the full sample, 34.8% for the OLS analysis based on the sibling sample, and 18.4% for the fixed effects analysis.
Panel B shows the decomposition analysis for verbal ability. The difference in the fraction of children whose verbal ability is at age level amounts to 9.7
percentage points between parental education groups for the full sample, and to 10.8 percentage points for the sibling sample. As share of the verbal ability gap, the prevalence effect can account for 5.2% for the OLS estimation based on the full sample, 11.1% for the OLS estimation based on the sibling sample, and 12%
for the fixed effects estimation. Our results are only statistically significant for the OLS estimation based on the full sample. The severity effect amounts to 17.5% for the OLS analysis based on the full sample, 19.5% for the OLS analysis based on the sibling sample, and 52.8% for the fixed effects analysis. Because of large standard errors, these effects are not statistically significant. The total effect of child health conditions on verbal ability accounts for 22.7% of the verbal ability gap based on the OLS analysis for the full sample, 30.6% based on the OLS analysis based on the sibling sample, and 64.8% based on the fixed effects analysis.
Overall, our findings from the decomposition analysis suggest that health conditions are a very important factor in the intergenerational transmission of human capital. In a back-of-the-envelope calculation, Currie (2005) suggested that child health might explain around 12% of the achievement gap between white and black children in the United States at school entry. Our results suggest that the influence of health might be even stronger.
Juhn-Murphy-Pierce decomposition
We demonstrated above that child health conditions explain a substantial share of the achievement gap. Both differences in the prevalence of health conditions as well as differences in the severity of the effects of health conditions contribute to differences in achievement. One question we have not yet addressed is how these effects vary along the achievement distribution. Can health conditions explain more of the achievement gap at the lower end or at the higher end of the achievement distribution?
Our answer to this question employs a nonparametric decomposition method introduced by Juhn, Murphy, and Pierce (1993) , which allows comparing the size of the prevalence effect and the size of the severity effect across the entire ability distribution. According to this method, observed outcomes can be described as a combination of the following components 
Here,
1 − edu F is the inverse of the cumulative distribution function of non-health characteristics for children in parental education group edu. The decomposition method by Juhn et al. (1993) is based on the creation of two hypothetical distributions of cognitive ability. The first of these hypothetical distributions allows for variation in individual health characteristics, but keeps everything else constant between parental education groups. Thus, we construct hypothetical outcome measures where the size of the effect of health characteristics on cognitive ability and the distribution of the non-health component of cognitive ability is constant between parental education groups:
where β pooled is the vector of coefficients for health conditions based on the estimation with the pooled sample. (7) refers to the distribution in the sample of each child's parental education group. For example, a child in the 75 th percentile for this component in the group with college educated parents is now assigned the value for the 75 th percentile for this component in the pooled sample. The second hypothetical distribution also keeps the distribution of the non-health related component of cognitive ability constant between parental education groups, but allows for differences in the severity of the effect of health conditions on cognitive ability in addition to differences in the prevalence of health conditions:
The observed difference in cognitive ability scores at quantile θ of the cognitive ability distribution, Δy θ , can now be decomposed as follows:
The first term on the right hand side of the equation above represents the part of the cognitive ability gap that can be explained by differences in the prevalence of health conditions. The second part represents the part that can be explained by differences in the severity of the effect of these health conditions. And the third part represents differences that can be explained by differences in socioeconomic and demographic as well as unobserved characteristics. Figure 2 shows the distribution of the cognitive ability gap across the entire cognitive ability distribution. 8 The difference is highest for the lowest quantiles and decreases for higher quantiles. There is no difference at the top end of the distribution, since the most gifted children of both groups score the maximum of 14 points on the CPM scale. The distribution of the prevalence effect is shown in Figure 3 . The prevalence effect is positive except for the very lowest quantiles of the cognitive ability distribution and for some quantiles around the 30 th quantile, and it exhibits a roughly increasing pattern. The distribution of the severity effect is illustrated in Figure 4 . Again, this effect is mostly positive except for the lowest quantiles and for some quantiles around the 30 th quantile, and the severity effect is largest for the highest quantiles of the cognitive ability distribution. The residual effect depicted in Figure 5 shows a decreasing pattern, similar to the distribution of the total difference in cognitive ability scores. In summary, both differences in the prevalence of health conditions and differences in the severity of the effect of health conditions contribute to the cognitive ability gap across most of the ability distribution, with the exception of the lowest part of the distribution. The figures show that the component of the cognitive ability gap which can be attributed to health conditions is largest at the higher end of the cognitive ability distribution. This indicates that health conditions are more likely to hold back the gifted children of less educated parents than their peers with college educated parents.
Conclusions
We use unique administrative data from German elementary school medical entrance examinations in order to examine the role of child health in the intergenerational transmission of human capital. These examinations are mandatory for all children at the age of six years and therefore have an extraordinary degree of representativeness. Our data contain professionally measured information on child health conditions such as obesity, underweight, low birth weight, ear problems, eye problems, behavioral problems, asthma, and allergies. This allows us to capture the inherently multi-dimensional nature of health in our estimations. We find large differences in cognitive and verbal ability by parental education groups, and we also find that child health conditions are more common among children of less educated parents. Qualitatively, our main results are first that child health conditions have a substantially negative effect on child development. Second, differences in both the prevalence as well as the severity of child health conditions contribute to developmental gaps between socioeconomic groups.
Our findings also quantify the importance of health as a pathway for the intergenerational transmission of human capital: Based on estimations with sibling fixed effects, we find that 18.4% of the gap in cognitive ability and 64.8% of that in verbal ability between children of college educated parents and less educated parents can be attributed to health conditions. 10.8% of the cognitive ability gap and 12% of the language ability gap can be attributed to differences in the prevalence of health conditions, while 7.6% of the cognitive ability gap and 52.8% of the language ability gap can be attributed to differences in the severity of the impact of health conditions. The gist of our findings can be nicely illustrated with the example of asthma. There is a growing body of evidence that common health conditions, such as asthma, need not have negative consequences on child development if they are well controlled (see, e.g., Halterman et al. 2001) . This is the case for our subsample with college educated parents, for which we find no negative effect of asthma on children's cognitive or verbal abilities. However, we find robust evidence for a negative effect of asthma on cognitive ability for the subsample with less educated parents.
The extent to which health contributes to the developmental gap might seem surprising given that the German health system is characterized by almost universal health insurance coverage and a focus on child health and prevention programs: 99.8% of the German population are enrolled in mandatory health insurance, and those who are not enrolled are mostly the very rich (German Federal Statistical Office 2004) . Since 1971, there has been a child health prevention program which involves nine pediatric examinations between birth and the age of five years. All examinations as well as all subsequent treatment costs are paid for by the German health insurance system -without any deductible. While attendance of the first seven examinations of these examinations is well above 90%, attendance of the ninth examination at the age of five years is only about 80% (Schubert et al. 2004) . Moreover, there is evidence that socioeconomic status strongly determines attendance. Children with parents from lower socioeconomic segments of the population attend these examinations significantly less than children from higher socioeconomic groups (Klocke 2001) .
In view of these institutional facts, the share of the ability gap that we have attributed to differences in health conditions can not only be explained by differences in access to medical care. They imply a need for further policy support to remedy the impact of family background on the ability to address these health conditions appropriately. More specifically, our results indicate that policies should strengthen childhood programs that guarantee ongoing medical support through family based services or regular supervision programs. There is a need for programs which particularly strengthen the home inputs complementary to professional medical treatment. Possible further interventions could include mandatory health examinations in preschools and health training for preschool supervisors and parents of small children thus enabling them to better recognize and address children's health problems.
In summary, our findings confirm that physical, mental and cognitive conditions are closely linked. We show that it is important for policy to better understand the lifecycle of skill and health formation. Our findings suggest that policies aimed at reducing disparities in child development should also aim at reducing disparities in health with a focus on children from disadvantaged families. In panels A and B, all demographic and socioeconomic characteristics listed in Table 1 are included, but not shown. * significant at 10%; ** significant at 5%; *** significant at 1% In panel C, coefficients for "age", "female", "preschool visit 3+ years", "first child", "second child", "third child", "lives with both parents", and "parent full time employed" are included, but not shown. * significant at 10%; ** significant at 5%; *** significant at 1% In panels A and B, all demographic and socioeconomic characteristics listed in Table 1 are included, but not shown. * significant at 10%; ** significant at 5%; *** significant at 1% In panel C, coefficients for "age", "female", "preschool visit 3+ years", "first child", "second child", "third child", "lives with both parents", and "parent full time employed" are included, but not shown. * significant at 10%; ** significant at 5%; *** significant at 1% 
